Prices for grocery items differ across stores and time because of promotion periods. Consumers therefore have an incentive to search for the lowest price. However, when a product is purchased infrequently, the effort of checking the price on every shopping trip might outweigh the benefit of spending less. I propose a structural model for storable goods, that takes inventory holdings and search into account. The model is estimated using data on laundry detergent purchases. I find that search costs play a large role in explaining purchase behavior, with 70 percent of consumers not being aware of the price of detergent in a given time period. Therefore, from the retailers' point of view it is important to raise awareness of a promotion through advertising, displays, etc. I also find that price elasticities are overestimated when estimating a dynamic model without search. Incorporating imperfect information in the form of search into the model, I find that manufacturers and retailers have more market power than previously thought.
Introduction
Temporary price reductions are used very frequently for grocery items and represent a large fraction of the marketing mix budget of supermarkets and convenience stores. These promotion periods create an incentive * London School of Economics, Centre for Economic Performance and Institute for Fiscal Studies. I would like to thank my advisors John Van Reenen and Pasquale Schiraldi for invaluable guidance and advice. I am also grateful to Michaela Draganska and Alan Sorenson who discussed my paper for great feedback as well as participants at QME (Chicago), IIOC (Vancouver), Marketing Science (Cologne), CEPR Applied IO (Toulouse) and seminar participants at the LSE and the IFS. I would also like to thank Rachel Griffith at the Institute for Fiscal Studies for great help with understanding the data and detailed discussions as well as Philipp Schmidt-Dengler, Claire LeLarge and Joachim Groeger for helpful discussions. Any remaining errors are my own. A previous version of this paper was circulated under the title "A Dynamic Model with Consideration Set Formation". 1 for consumers to wait with their purchase until the next reduction in price. As many consumers visit several different stores regularly, they will search both across stores and intertemporally. Many grocery items, such as laundry detergent for example, are bought regularly but with relatively long time intervals between purchases.
Despite having an incentive to wait for the next promotion period before buying again, it might be too much effort to check for the price of detergent on every store visit. Finding out the price of a certain product (especially in a very large supermarket) might actually be quite costly, as the consumer needs to spend time searching for it in the store. Furthermore, shopping trips are very heterogeneous in many respects and on some trips only goods from a certain category, food for example, are purchased. On other trips the overall expenditure is very small and only a few items are purchased and the consumer spends little time in the store. On such trips it is even less likely that consumers are aware of the price of other products.
Most discrete choice models assume that the consumer is aware of all the prices in the store on each visit. For the reasons just outlined, this paper proposes a structural model with imperfect information, where consumers engage in costly search. In order to do this, a pre-purchase stage is modeled in which the consumer decides whether to search based on his expected utility from purchasing and the search cost. The novelty of this paper is to integrate the search decision in a structural way into a dynamic demand framework where consumers hold an inventory. This allows me to quantify the search cost as well as identify its drivers. I apply the model to laundry detergent data, but the proposed approach can be used to analyze demand for any storable product. The search aspect of the model will be especially relevant for products with a relatively long inter-purchase duration.
Furthermore, I will analyze across-store substitution patterns. In a dynamic model with inventory holdings, the interaction between stores becomes relevant as a promotion in one store will lead to an increase in inventory, and less purchases on future shopping trips. Therefore, there is a potential effect of pricing decisions at one store on its competitors in future time periods. This is true even if consumers do not alter their store choice because of the price change.
1 In order to form a complete picture I explicitly take the identity of the stores visited into account. Using the estimates from the model, I then compute the contemporaneous and the long-term impact of price changes at a particular store on the store itself and other stores.
I find that the search costs are quantitatively important. About 70 percent of consumers that do go shopping in a particular time period do not search. 2 Search costs are a negative function of the overall amount of money spent in the store and the number of products purchased in the same category. I also find that price elasticities are overestimated in a dynamic model without search. When simulating the dynamic adjustment to a temporary price change, I find a strong contemporaneous reaction but very little impact on future time periods. This is in line with the lack of a post-promotion dip that is well documented in the literature. 3 There is hardly any negative effect of store-specific promotions on other stores. For permanent price reductions, the adjustment is almost immediate with a substantial negative impact on products and stores that did not lower prices.
The findings of this paper are important for two reasons: First, the model gives insights into how important imperfect information is. With consumers not being aware of prices on most of their shopping trips, marketing tools other than pricing, such as advertising and preferential display, become very important. According to the findings of this paper, retailers should raise awareness of price whenever they run a promotion. Second, the model predicts lower price sensitivity and therefore higher market power for manufacturers and retailers.
Obtaining the correct price elasticities is an important ingredient for understanding consumer behaviour as well as optimal pricing and the general marketing strategy on the supply side. This paper's general theme fits into an emerging literature which demonstrates that imperfect information due to search frictions is an important component in the inference of consumer demand. Papers like Goeree (2008) , Moraga-Gonzalez, Sandor, and Wildenbeest (2009) and Koulayev (2009) show that including imperfect information has an impact on the estimates of consumer preferences which is also the case here. Other papers that estimate the magnitude of search costs include: Hortaçsu and Syverson (2004) for the mutual fund industry, or Hong and Shum (2006) and Santos, Hortacsu, and Wildenbeest (2009) for online book purchases. Mehta, Rajiv, and Srinivasan (2003) estimate search costs for grocery shopping but do not allow consumers to keep an inventory. To the best of the author's knowledge, there is no paper that estimates the magnitude of search costs for grocery shopping whilst also taking stockpiling into account. 4 The demand estimation will be based on Berry, Levinsohn, and Pakes (1995) who estimate a demand system for the US automobile market. Their paper, along with many other applications, did not consider any dynamic aspects in the consumers' purchase decision. In the more recent literature many contributions try to explicitly include dynamic aspects. Other papers that use dynamic demand models to analyze consumers' demand for storable products include Hendel and Nevo (2006) , Erdem, Imai, and Keane (2003) and Sun, Neslin, and Srinivasan (2003) .
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This paper shares some similarities with the marketing literature on consideration sets 6 as this literature also analyzes the impact of imperfect information. Conditional on purchasing a particular type of product, it is assumed in this literature that consumers do not take all available brands into consideration when making their purchase decision. Due to cognitive limitations, they only compare a smaller set of brands that forms their 4 There is a large theoretical literature on search in general and also on search in the context of temporary promotion periods with seminal contributions by Stigler (1961) and Varian (1980) . Other papers on sales like Salop and Stiglitz (1982) , Assuncao and Meyer (1993) or Pesendorfer (2002) explicitly incorporate stockpiling into the theoretical model, a feature that is also modeled in this paper. Empirical studies such as Bell and Hilber (2006) , Sorensen (2000) or Lach (2006) show that some the qualitative predictions from the theoretical models can indeed be found in the data. 5 Interestingly, Hendel and Nevo (2006) and Erdem, Imai, and Keane (2003) both allude to the existence of imperfect perfection in the way it is modeled in this paper. However, they do not model imperfect information and search explicitly. Hendel and Nevo (2006) point out the strong effect of including a dummy for whether the product is on display in the utility function. This presumably captures that consumers are more likely to be aware of the product when it is on display. This is exactly the way I am modeling the consumer behavior here. 6 See for example Andrews and Srinivasan (1995) , Roberts and Lattin (1991) or Bronnenberg and Vanhonacker (1996) . Ackerberg (2003) , Erdem and Keane (1996) and Mehta, Rajiv, and Srinivasan (2003) look at imperfect information in a dynamic context. 3 consideration set.
7 Imperfect information therefore has an impact on the choice of product, but not on purchase incidence. This paper instead looks at imperfect information at the category decision level.
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Finally this paper is related to the literature on purchase incidence. A non-exhaustive list of papers include Helsen and Schmittlein (1993) , Jain and Vilcassim (1991) , Vilcassim and Jain (1991) . Seetharaman (2004) and Seetharaman and Chintagunta (2004) . In this literature, the likelihood of purchasing within a particular product category is modeled as a function of three elements: The time elapsed since the last purchase, marketing mix variables such as promotions, 9 and household characteristics (see Fok and Paap (2009) ). The impact of these three channels is estimated in a non-structural way. However, there is a very close relationship between these different elements and the structural parameters used in this paper.
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The paper is organized in the following way: The next section describes the data. Section three presents some reduced-form results to further motivate the use of a particular structural model. Section four presents the empirical model followed by a discussion of identification in section five. Section six discusses the estimation and section seven presents the estimation results followed by the simulation of short and long-term price elasticities. Finally, some concluding remarks are made.
Data
I use data from the TNS worldpanel, a consumer-level panel dataset provided by the TNS (Taylor Nelson Sofres)
Marketing Research Institute. Each household in the panel is given a scanning device which it uses to scan all products that were purchased. Receipts are then sent to TNS in order to correctly record the price paid for a particular product. The dataset includes about 19,000 households over the period from 10/2001 to 10/2007. An observation is the purchase of a particular product at a particular store on a particular day. Therefore, it is also known when a particular household went to a store without buying any laundry detergent (as long as at least one item was purchased on the trip). I concentrate on the market of detergent tablets and ignore purchases of liquid detergent and detergent powder. Consumers rarely switch between these three different types of detergent. It is therefore safe to look at detergent tablets in isolation.
Constructing Price Series
As the TNS Worldpanel has data at the household level, no store-level dataset of prices is readily available.
For the demand model used later, it is important to know the prices of products that were available but not 7 This awareness can originate from different sources such as previous consumption of the product or exposure to advertising for a particular brand.
8 Imperfect information when choosing among different brands is ignored for simplicity.
9 Gupta (1991) shows that including marketing variables and past purchasing behavior improves the fit of the model. 10 Household characteristics are captured by the various types of heterogeneity. In particular, the different consumption rates explain some of the across-household variation in interpurchase duration. The marketing variables are captured through the trip characteristics that shift the search cost and thereby influence the purchase probability. Inventory is explicitly modeled and captures the effect of past purchases on the current period purchase decision. 4 purchased by the household. Households in the panel are distributed over the whole of the UK, I therefore rarely have several observations for the same store in the same week. In order to infer prices, I rely on national pricing policies of big supermarket chains.
11 However, the construction of a reliable price series is only possible if I observe enough purchases in order to confidently infer the weekly price. Luckily, the market for detergent tablets is very concentrated and 7 brands (Fairy, Daz, Ariel, Persil, Bold, Surf and Tesco private label) make up about 80 percent of purchases. 12 I am able to construct price series for all brands except for Surf and Persil.
Both of these brands offer many different pack-sizes and I observe only a small number of purchases for each pack-size, which makes it impossible to construct a reliable price series. I encountered no such problems for the other 5 brands.
The various brands are available in 4-6 different sizes and I allow consumers to buy two packs of the same size. 13 For each pack-size, I construct price series for each of the four big chains (Asda, Morrisons, Sainsburys and Tesco), plus a residual category for all other stores. This yields a total of 125 price series (25 brand/packsize combinations at 5 supermarkets). For the four major supermarkets, the prices are identical for each store and within each week, except for a few deviations. 14 This confirms that prices from other stores of the same chain can indeed be used to infer prices. For all other stores, a simple average of prices for a particular brand and pack-size in a particular week is taken. Prices for this residual category will therefore be measured less precisely. Since about 90 percent of purchases occur at the four big chains, this is not problematic.
Descriptive Statistics: Prices
There is variation in prices across brands, pack-sizes, supermarkets and over time. Some descriptive statistics on these various dimensions are presented in this section. In order to illustrate the degree of price variation along each one of these dimensions, I will proceed by looking at each dimension, holding the other dimensions fixed. Table 1a shows the variation in prices across different brands at Tesco. The price variation is reported for pack-sizes of 900g and 1.8kg, which are the 2 major pack-sizes. 15 The mean price is very similar across brands except for Tesco's own brand which is cheaper. There is substantial variation in prices for a given brand and pack-size across supermarkets and time. The larger pack-sizes show a higher standard deviation of prices as they are promoted more often. The quantity discount on the larger pack-sizes is very similar across brands, ranging between a 8 and 12 percent reduction in the per volume price. In the following paragraphs, I will report 11 Supermarkets do engage to some extent in price flexing, i.e. adjusting prices to local conditions, but this is only done for a small subset of products (according to the UK Competition Commission) and does not seem to include laundry detergents.
12 All other brands have substantially lower market shares than these 7. 13 Treating 2 packs of the same size as a different product is important as "second pack half price" promotions are frequent. The per-unit price therefore changes when several units are purchased.
14 Specifically I define a price to be the "correct" price if I have at least 2 observations for a week/store combination and if strictly more than 50 percent of price observations are identical. If I cannot define a price for a given week in this way, the value is interpolated from prices in adjacent weeks. With this method 10 percent of prices are assumed to be mismeasured and replaced by the "correct" price. 15 The pack-sizes of the different brands are not exactly equal to 900g and 1.8kg. There are only small differences though and I will therefore ignore these differences when looking at price variation across brands.
price variation across the pack-sizes and across supermarkets. In order to keep things simple, I am going to illustrate the price variation along these dimensions by focusing on a particular brand, Fairy. Table 1b shows descriptive statistics on the price distribution and market shares for different pack-sizes of Fairy at Tesco. Comparing the mean prices for different pack-sizes shows that there is some discount for larger pack-sizes. For example, the per gram price discount of a 1920g pack relative to a 936g pack, the two most popular pack-sizes, is about 12 percent. There is also considerable variation in prices over time for the more popular pack-sizes. The table also shows that some pack-sizes (1320g, 2340g, 2496g) are only available for a limited duration and there is little or no variation in price for these products. They are special offers, most likely initiated by the manufacturer, and therefore always offered at a considerable discount. For example, there is an average discount of 25 percent for a 2340g pack relative to a 936g pack, for example. Table 1c illustrates pricing differences across different supermarkets for one particular pack-size of Fairy:
936g. There is variation in the mean price as well as the other moments of the price distribution. The differences in standard deviation can be roughly interpreted as differences in the frequency of price reductions, whereas the different minimum values represent differences in the depth of promotions. Taken together, Tables 1 and 2 provide ample evidence that there is an incentive for consumers to search for the lowest price both over time and across stores. Both tables report pricing only at one supermarket / for one pack-size, but the pattern looks very similar for other stores / other pack-sizes. For a more complete picture of pricing and market shares of all supermarkets / pack-size pairs of Fairy the reader is referred to Table 1d aggregates the market-shares at the brand, pack-size and store level. The top panel reports brand level market shares. Ariel is the most popular brand followed by Fairy. Tesco's own brand has the lowest market share, but it is also the only brand that is only sold in one supermarket. The middle panel shows that 936g and 1920g are by far the most frequently purchased pack-sizes. To a large extent this is due to them being available most of the time in most stores. When market shares are adjusted for availability, the difference in market shares is less pronounced.
17 These adjusted market shares can be interpreted as the market share of a product conditional on being available. In terms of supermarkets, most consumers buy at Tesco followed by the other large chains. Only about 10 percent of purchases are made in "Other Stores".
Selection of Relevant Households
Many households in the sample buy only very small quantities of laundry detergent or non at all. Households with a low volume purchased per year are therefore dropped from the sample. Also households for which I 16 For simplicity, all the descriptive statistics reported here completely ignore promotions that apply only to the second unit purchased ("second one half price"-type of promotions). 17 The adjusted market share weights the individual market shares by store weeks. Store weeks is the number of weeks the product was available in each of the 5 supermarkets summed up over all supermarkets. With 312 weeks and 5 supermarkets this has the maximum value of 1560. Specifically the market share is divided by store weeks and then re-scaled in order for the adjusted shares to add up to 100 percent. 
Some Reduced-form Results
This section presents some reduced-form results that are suggestive of the features that will be included in the structural model. Multinomial-logit regressions with a dummy equal to one, if a particular product was purchased on a particular shopping trip as the dependent variable, are reported in Tables 2a to 2c . Each shopping trip is an observation whether the household purchased any detergent or not. The utility from the outside option of not purchasing anything is normalized to zero. This corresponds to a standard static discrete choice estimation. It is referred to as "reduced-form" because neither the inventory formation nor the search process are explicitly modeled. Nevertheless, some effects that we would expect to see if these two features are indeed relevant, can be illustrated with the regressions. I include a full set of brand (i.e. brand / pack-size combinations)
dummies. The price coefficient is therefore purely identified from within pack-size variation in price. A set of supermarket dummies is also included in all the regressions, but not reported in the table.
Column (1) of Table 2a shows the result when only price and the control variables are used as independent variables. The price coefficient has the expected sign and is highly significant. The results in column (2) show that the relative expenditure on a particular shopping trip also has a significant influence on the probability of purchasing detergent. If a household spends more money overall on a particular shopping trip, it is more likely to purchase detergent. This can be interpreted as capturing the time spent in the store. 22 The coefficient on relative expenditure in column (2) is highly significant. Column (3) includes two variables that capture whether the consumer has purchased products from the same product category. The first variable is the number of cleaning products other than detergent that the consumer has purchased. The second variable is the number of products within the category "household goods", which includes cleaning products but is a broader category. Buying 18 Specifically, I drop households with purchases of less than 6 kilograms of detergent per year (90 percent of households buy between 10 and 35 kilograms, the mean being 20 kilograms) and households who did not buy detergent for a period of at least 16 weeks. The latter might be due to the household going on holiday, etc. It constitutes an unusual behavior in any case that the model cannot capture.
19 TNS deems that information from "un-committed" consumers that spend only a short period of time in the panel is less reliable. 20 Any detergent purchase of a brand other then these 5 brands is modeled as a residual category. I assume that this "outside good" has a pack-size of 1.28kg and a price of 3 pounds. This corresponds to the average pack-size and price of the 5 brands in the choice set. I also allow liquid and powder detergent purchases within this residual category. Only 12 percent of purchases fall into this category.
21 I checked whether the selected households are observably different from other households and the sample and find that they are not. 22 Relative expenditure is defined as the expenditure on a particular trip divided by the average expenditure over all shopping trips for a certain household. This adjusts the measure for across household variation in average expenditure and is therefore a better measure for time spent in the store. The money spent on laundry detergent is excluded from these measures of expenditure in order to avoid expenditure to be higher because of the detergent purchase itself. The expenditure measure is therefore exogenous with respect to the laundry detergent purchase.
other products from the same category has a positive impact on the purchase probability, the narrower category being more important than the broader one. In column (4) all the variables are used in the same regression. The qualitative results for all the coefficients are the same as for the regressions described above. The results are also robust to including a full set of household dummies, as column (5) shows.
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In the standard discrete choice model, consumers are assumed to have perfect information about the prices of all available products at every point in time where they can make a purchase (i.e. on every shopping trip in the case of a grocery shopping item). The fact that consumers are more likely to purchase detergent when they spend more money on other items is at odds with this assumption. Under perfect information, there is no reason why the characteristics of the shopping trip should determine which products are purchased (Bronnenberg and Vanhonacker (1996) ). Price and other product characteristics alone should be a sufficient statistic. 24 However, the regression results confirm that trip characteristics do matter for the purchase probability. If instead, it is costly to search for the product, this result can be rationalized. For example: If the probability of searching is higher when the consumer spends more money in the store, this will lead to a higher probability of purchasing.
This kind of correlation can only be explained with a model of search and not within a static or dynamic model with perfect information. Table 2b shows that certain dynamic patterns associated with stockpiling are present in the data. Columns (1) and (2) show that the likelihood of a purchase increases with the time elapsed since the previous purchase and the pack-size purchased. The consumer does not need to immediately buy again as he will consume for a while out of his inventory. He will wait longer for the next purchase if he purchased a larger volume packsize. Column (3) shows that results are robust to including both variables in the same regression. The negative sign on the quadratic term in column (4) shows that the likelihood of a new purchase first increases and then decreases again as time elapses. The duration with the highest likelihood will be roughly equivalent to the average inter-purchase duration. Taken together, the results of this table suggest that stockpiling is important.
One concern might be that consumers do buy detergent only on particular trips because they want to avoid carrying the product home on certain shopping trips. This alternative explanation has nothing to do with search and could still lead to a correlation of trip characteristics with the purchase probability. However, it is not clear why the variables used in the regression would capture whether it is more or less burdensome to carry the product. In order to assess the validity of this alternative theory I do include the distance to the store into the regressions in Table 2c . All regressions use the same specification as column (4) of Table 2a . In addition to the other variables, the distance to the supermarket is also included. 25 In column (1), I use the full sample and find that distance is insignificant. As some consumers use a different means of transport on different trips, distance might not be very meaningful here. Therefore, I re-ran the same regression on several restricted 23 These enter all the options except for the outside option and therefore capture the household specific average purchase incidence probability. 24 As I use dummy variables for each pack-size, product characteristics are controlled for in a very conservative way. 25 As there is missing data for both supermarket and consumer location, the number of observations drops in this regression.
8 samples for which distance should be more informative. In column (2), only households that do not own a car are used. In column (3), only households that do most of their shopping trips on foot are included. 26 In both cases distance should have a similar cost across trips as there is no variation in the type of transport used.
Also, for households without a car, one would expect a stronger effect of distance relative to other households.
It is therefore encouraging that distance is insignificant in columns (2) and (3). Finally, I further restrict the sample used in columns (2) and (3) to shopping trips that occurred on a weekend. During the week consumers might shop close to their workplace or on their way home. The distance from the household's address to the supermarket is therefore more likely to capture transport costs in the case of weekend trips. As in the other regressions, distance is insignificant also in columns (4) and (5). Although the distance to the store is an imperfect measure for the burden of carrying the product, the results are indicative of this not being much of an issue.
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The results from the reduced-form regression suggest that both stockpiling and search are relevant for the purchase of laundry detergent. This provides further evidence that these aspects have to be included in a structural model that models consumer behavior in a realistic way. I will ignore transport costs in the structural analysis and focus on imperfect information and search. The results in Table 2c confirm that this is a valid approach.
The Structural Model
In order to model consumers' behavior, I assume that they are able to store the good and receive utility from consuming part of their inventory every period. Their decision process is modeled in two stages. In the first stage, (the search stage, labeled as "ss"), the consumer has to decide whether to find out the price of detergent, i.e. to search for the product. In order to do this, he will compare the expected utility from buying at a particular store minus the search cost, with the utility from not purchasing any laundry detergent in the current time period.
This step related to the optimal search decision, which is embedded in a dynamic structural model, has not been modeled in the previous literature. I am assuming that the consumer will include either all brands in his choice set or none. Therefore, there is no variation in the number of products in the choice set, but only a binary decision whether to consider detergent as a product category or not. 28 If the consumer decides to search, he then has the option of buying one of the available products or nothing at all. This second stage, (the purchase stage, labeled as "ps"), looks like the purchase decision in a standard dynamic demand model. The timing is illustrated in Figure 1 . 26 A survey on all consumers in the dataset was conducted. Among other things they were asked for the number of cars they owned and which mode of transport they most frequently used for shopping. The restrictions used here are based on these survey questions. 27 Unfortunately, I cannot observe whether the household uses a car on a specific shopping trip. With this information a more direct test of whether transport costs matter would be possible. One would expect a purchase to be more likely on a shopping trip by car as transport costs are lower. 28 In most of the marketing literature on consideration sets, the number of products included in the set is the main focus. Here the consideration decision is modeled purely as a category level decision similar to Ching, Erdem, and Keane (2009).
The search process for a storable, low cost consumer good like detergent works quite differently from many other markets. For durable and high value products, say a car or TV purchase, the consumer would go and visit several stores only for the purpose of finding out about prices and products at these different stores. For a low-cost, repeat-purchase product like detergent, no consumer would visit several stores only to search for the best price. Rather, the consumers goes shopping for various other reasons and each shopping trip represents an opportunity to also search for the price of detergent, i.e. to go down to the detergent aisle in the particular supermarket. This is exactly the way search is modeled in this paper. Specifically, the timing is as follows: At the beginning of each time period the consumer enters a store and has to decide whether to search, i.e. walk to the detergent aisle. If he decides not to search, he will not have the opportunity to buy any detergent. If he searches, prices are revealed, and the consumer then makes his purchase decision. Note that more information is available in the purchase stage. The search and purchase decisions therefore have to be modeled as two consecutive decisions.
It is further assumed that the intention to purchase detergent never causes the household to go shopping.
Instead, shopping trips are undertaken for reasons exogenous to the decision of buying detergent. This can be justified as detergent makes up only a small fraction of total expenditure on the average shopping trip. 29 This also accords with findings that there are small effects, if any, on store-traffic from promotions on individual items (see Urbany, Dickson, and Sawyer (2000) , Walters (1991) or Walters and Rinne (1986) ). The search process is therefore modeled as a decision to search or not within each store for an exogenously given sequence of shopping trips. 30 The choice of visiting a particular store is not something I attempt to model here. In order to model consumer choice recursively, I assume that the consumer is uncertain about the identity of the store he will visit the next time period. He will therefore form an expectation of the identity of the store he will visit the next time period.
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I do not explicitly model optimal consumption behavior. Rather, I assume that households are consuming detergent according to some function c(i t ) which is only determined by inventory holdings, i.e. optimal management of inventory given the household preferences. This disregards any effect of purchase behavior on consumption, i.e. households are not allowed to react to promotions by increasing their consumption. This absence of a category expansion effect seems to be a valid assumption for a product like detergent. It is presumably consumed at a fairly constant rate with little scope and incentive for adjusting consumption (see for example Bell, Iyer, and Padmanabhan (2002) ).
Furthermore, the cost of search will be allowed to vary across shopping trips. Mitra (1995) provides some experimental evidence that choice sets are not stable over time, but vary across purchase occasions. 32 I am therefore using data on how costly it is to consider the category as a whole, using the same trip characteristic variables that were also used in the reduced-form regressions. I assume that the search decision is taken at a point in time where the identity of the store as well as the search cost and therefore trip characteristics are known.
In terms of timing, this decision could either happen in the store or at home when a consumer is writing down his shopping list and decides whether to include detergent in the list. The only constraint that I am imposing is that store identity and trip characteristics are already in the consumer's information set.
Flow Utility
The consumer receives the following one-period utility for each of his possible choices at time t after having searched. This is referred to as the "purchase stage" (ps). The utility is therefore indexed u ps,t (The utility in the "search stage" (ss) is represented by u ss,t ). Note that for simplicity of exposition, the consumer subscript i is omitted from the following equations. If the consumer does not purchase any product he gets utility
Where v(·) is utility from consumption c(·). The consumer's inventory is denoted by i t . T (·) represents the storage cost of inventory holdings.
If he decides to purchase product j he instead receives
This is equivalent to the expression above, but for the inclusion of a negative utility term from having to pay price p j,t and an unobserved (to the econometrician) product quality term ξ j . A product in this case is defined as a brand / pack-size combination. All the variables in the flow utilities are known to the consumer after searching.
Prior to the search he does not have full information about these variables. Most importantly, the realization of prices p j,t (j ∈ J) is unknown prior to search. The exact information structure will be explained in more detail later. ps,t = (ε 0,t , ε 1,t , ..., ε J,t ) are consumer specific taste shocks and are unobserved to the econometrician.
Note that the inventory is also unobserved by the econometrician. However, I do infer the rate of consumption from the average volume purchased per time period and treat the inventory as observable.
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The one-period utility prior to search is defined in a similar way. If the consumer does not search he will not be able to make a purchase. He therefore receives utility
will pick up how likely it is for a consumer to consider a particular brand. In this model I am analyzing whether the whole category is considered.
This is the same utility he receives if he searches but does not buy anything, except for a different error term ε ns,t . If he searches he receives
where d ∈ {s, ns} denotes whether the consumer searches or doesn't search. A particular feature of the model is that prior to searching the current period flow utility is unknown. Therefore the consumer has to form an expectation over the flow utility in the purchase stage knowing that he will take the optimal purchase decision conditional on the information that will be available to him then. 34 s t denotes the search cost which is unobserved (by the econometrician). ε ns,t and ε s,t are unobserved (by the econometrician) iid extreme value error terms. Let ss,t = (ε ns,t , ε s,t ) be the vector of idiosyncratic shocks for time period t in the search stage. Note that different sets of error terms enter the model before and after search. It is assumed that search is a category level decision (see discussion above). The consumer decides whether he wants to incur the cost of searching for detergent by making the effort of walking to the detergent aisle. ss,t is therefore a vector of category level taste shocks, whereas ps,t is a vector of shocks that influences the consumer's choice across products.
The Dynamic Optimization Problem
Formally, a consumer chooses an infinite sequence of decision rules µ in order to maximize the expected, present discounted sum of future utility 
where u ps,t (u ss,t ) represent utility u ps,t (u ps,t ) excluding the error term.
The specific feature of this model is that the consumer has (potentially) two consecutive decisions to make in one time period. He first has to decide whether to search or not (d t ∈ {s, ns}). If he does not search, he does not have to make another decision in the current time period. If he decides to search, he then has to decide which product to purchase (or not to purchase anything): j t ∈ J ∪ {0}. I will therefore define two different value functions depending on whether the consumer has searched or not: V ss (the value function in the search stage) and V ps (the value function in the purchase stage). They depend on one another and must be solved simultaneously.
Choice-Specific Value Functions
The choice-specific value function in the purchase stage can be written as follows. The value function is specific to a choice of product j
where u ps,t represents utility excluding the error term and v ps,j and v ss,d are the choice specific value functions for the purchase and search stage respectively. v ps,j denotes the choice-specific value function in the purchase stage excluding the error term. Furthermore, j ∈ J ∪ {0}, i.e. the option of no purchase is included.
Note that the state variables x ps,t and x ss,t are also specific to the search / purchase stage value function, as different factors will be driving the search and purchase decisions. The value function in the search stage next period is a function of the state variables x ss,t+1 and error terms ss,t . The consumer forms expectations about these variables based on current states x ps,t , error terms ps,t and action j t in the purchase stage.
When entering the store, the consumer has to decide whether to search or not. If he doesn't search he receives utility The value functions can be easily expressed in terms of their choice-specific counterparts V ss (i t , x ss,t , ss,t ) = max v ss,d=s (x ss,t , ss,t ) + ε s,t , v ss,d=ns (x ss,t , ss,t ) + ε ns,t V ps (i t , x ps,t , ps,t ) = max j∈J∪{0} v ps (x ps,t , ps,t ) + ε j,t
Ex-Ante Value Functions
As in Rust (1987) , let EV ps (EV ss ) denote the expectation of the value function, integrated over the realization of ps,t ( ss,t ), which follows from Rust's conditional independence assumption.
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EV ps (x ps,t ) = ps,t V ps (x ps,t , ps,t )dP ps EV ss (x ss,t ) = ss,t V ss (x ss,t , ss,t )dP ss
Assuming that the error terms ( ps,t ( ss,t ) are iid extreme value distributed, the integration yields the following expressions:
The term EV ps (x ps,t ) can be interpreted as the inclusive value of searching on the shopping trip in time period t, excluding the search cost. In the search stage, the consumer will compare the expected utility of this inclusive value with the utility of not purchasing. This is very similar to the optimal stopping point problem in replacement models for durable goods (for example Melnikov (2001) , Gowrisankaran and Rysman (2007) or Schiraldi (2009) ). The difference is that the consumer has to form an expectation about the current period inclusive value, whereas in the replacement models the current value is known, but the consumers' expectations about the future evolution of the inclusive value influence the purchase decision.
The structure of the model is slightly different from other dynamic optimization problems as there are potentially two consecutive decisions within one time period. The consumer endogenously decides whether he will make two decisions in the current time period by deciding whether to search or not. If he decides to search, new information will be obtained and he has to make a decision which product to buy. Because of the arrival of new information, the purchase decision will be based on different state variables than the search decision. In the search stage the consumer is therefore forming expectations about the current period state variables in the purchase stage. If the consumer decides not to search, he will not have to make a second decision in the same time period and the next decision will be the search decision in time period (t + 1). In terms of state transitions I therefore have to specify Pr(x ps,t | x ss,t , d t ), Pr(x ss,t+1 | x ss,t , d t ) and Pr(x ss,t+1 | x ps,t , j t ). These are the three possible sequences of state / time-period combinations (this can be seen in Figure 1 ).
Simplifications and Assumptions
In order to make the problem tractable, the dimensionality of the state space has to be reduced. In order to do this, certain assumptions about the relevant state variables and the formation of expectations regarding future realizations of the state variables are made.
In the search stage, it is assumed that the relevant state variables x ss,t are the consumer's inventory i t , the identity of the store he is visiting k t and the search cost s t . The consumer does not know the prices p t of the different pack-sizes at this point, but forms expectations based on the identity of the store k t . I assume that the consumer knows the distribution of prices at each store.
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Once the consumer has searched, he obtains information about the actual prices p t . Besides prices, his inventory is also part of the state variables in the purchase stage x ps,t . The current search cost s t has already been incurred and is not relevant anymore for the purchase decision. Neither is the identity of store as the consumer now knows the actual realizations of prices at the store. s t and k t are therefore not part of the purchase stage state space x ps,t Independent of whether the consumer has searched or not, he forms expectations about future search costs and the identity of the store visited next time period. The expectations regarding future prices enter only indirectly through the expectations of the store identity next time period k t+1 as prices are not known in the search stage in (t + 1). The consumer also forms expectations about future values of the search cost based on the distribution of search costs. As for price expectations, the expectations about search costs and store identity in (t + 1) do not depend on past realizations of any variable. 37 I also assume that the transition process for the inventory is known to the consumer. It is given by the consumption that enters the per-period utility and the pack-size of the detergent that was purchased in the previous period (if any was purchased):
The pack-size purchased in t − 1 is denoted by ∆i t−1 . The other variables were defined previously. The only component that is unobserved by the econometrician is the rate of consumption c(i t−1 ), which will be estimated from the data. There is no noise in the transition process, therefore the consumer perfectly predicts the inventory next period. For simplicity, the expectations about the inventory are not going to be explicitly written down in the value functions.
The value function can now be written only in terms of the relevant information at each stage.
Note that in the search stage the expectations regarding the current prices is conditional on the store identity k t , whereas the expectations regarding k t+1 and s t+1 are unconditional ones (as was explained above). The state variables k t and s t are not decision-relevant anymore in the purchase stage as the search cost is sunk and the actual price realizations at store k t are known.
Choice Probabilities and Likelihood Function
The probability P s,t that a consumer searches in time period t (the consumer index i is omitted) can now be determined from the following equation:
The probability of not searching P ns,t is determined similarly. The same logic can be applied to the probability of purchasing product j conditional on having searched P j|s,t .
Given the iid extreme value distribution of the error terms the probabilities can be expressed in the following way:
J denotes the set of all available pack-sizes. The consumer also has the option j = 0 of not purchasing anything.
As the search decision is not observable, it is only reflected in the purchase probabilities. In terms of observables we have the following probabilities:
P j,t = P j|s,t * P s,t P no−purchase,t = P ns + (P 0|s,t * P s,t )
With j ∈ J (i.e. the option of not purchasing is not included). The theoretical probabilities derived above can now be used in order to form the likelihood function.
Or in logarithmic form:
(ln P j,t )y j,t y j,t with j ∈ {no − purchase, purchase − j ∈ J} is a variable that takes the value one for the decision actually taken in a particular period and zero otherwise. Therefore, this maximization tries to make the probabilities of the observed choices as close as possible to one. Within the estimation routine, I solve the value functions using a fixed point algorithm.
Some details of the model and how it is applied to the data are discussed in greater detail in section 6.
This includes a more extensive treatment of how expectations are modeled, as well as details on consumer heterogeneity. How the unobserved initial inventory is dealt with will also be explained.
Identification
In order to apply the model to the data, a specific form for the utility from consumption and the storage cost has to be chosen. I assume storage costs to be linear in inventory: 38 T (i t ) = c storage * i t and define consumption to be determined by c(i t ) = τ * log(i t + 1), where τ is a parameter to be estimated. 39 The utility from consumption v(c(i t )) is not identifiable in my model. This is due to the fact that households in my sample are always consuming detergent. I do not model an outside option of not using any detergent which would allow me to estimate v(c(i t )). 40 Formally, I define v(c(i t )) = ν * c(i t ) and set ν = 1. I also restrict the vector of product qualities ξ j . A product j is a brand / pack-size combination in the model, but product quality does not vary across different pack-sizes. Therefore, I estimate a set of brand specific, but not pack-size specific, fixed effects and multiply the fixed effect with the pack-size purchased. This is done because the choice of pack-size will be informative about the dynamic parameters of the model such as the storage costs. Estimating a full brand / pack-size specific set of fixed effects would eliminate useful variation and make it difficult to identify these parameters.
Finally, the search cost s t has to be parameterized. I choose the following functional form:
Where x t is a vector of trip characteristics, which were already used in the reduced-from regressions. Specifically, I use the relative expenditure in the store as a proxy for the time spent in the store and the number of products bought in the same category. The latter captures whether the consumer is in the relevant part of the store. I define two variables for a wider and more narrow definition of product category.
41 s and β are parameters to be estimated. The functional form makes sure that for no values of x is the search cost negative, as this 38 I tried to include higher order terms, but they were not significantly different from zero. I therefore use only the linear term in the main regression. 39 The log-form reflects an optimal consumption path in a dynamic model. I assume that preferences are such that consumers will optimally scale back their consumption when their inventory is low, due to concerns about running out. The proposed logarithmic functional form reflects this relationship without explicitly modeling consumption choice. 40 This is similar to the situation of a static demand model without an outside option. In that kind of model it is impossible to estimate a constant term in the utility function. For the same reasons v(c(it)) cannot be identified. 41 For more details on these variables, see the reduced-form regressions in section 3.
would not make any economic sense. This non-negativity is given as long as s ≥ 0. For s = 0, there is no search cost. A simple t-test on this coefficient will therefore allow me to test for the relevance of search costs.
The functional form also makes the incorporation of expectations regarding future search computationally easy, as the search cost varies on the compact set s * [0, 1].
42
The parameters to be estimated are the price coefficient α, product quality ξ j , the parameterized functions c(i t ) and T (i t ) and the search cost s t as a function of trip characteristics. The discount factor cannot be identified and is set equal to 0.998. 43 Each parameter will be discussed separately in the following paragraphs. Note that although the search process is not observed, it is standard in the literature to infer the decision in the search stage from observed purchases. Some early contributions have used direct survey data on the consideration decision (Roberts and Lattin (1991) ). However, Nierop, Paap, Bronnenberg, Franses, and Wedel (2005) show that a direct approach using only purchase data yields similar estimation results as one which uses additional survey data on the considered options. This is reassuring as a direct approach is also employed here.
Rate of Consumption
The rate of consumption is defined by c(i t ) = τ * log(i t + 1) in the model. As I observe consumers over a long period of time in the sample, I can infer the average rate of consumption by dividing the total amount of detergent purchased by the overall time in the sample. This will allow me to identify the parameter τ that represents the speed of consumption.
Trip Characteristics
The identification of the trip characteristics that enter the search stage comes from a kind of "exclusion restriction". As argued before there is no theoretical reason why the trip characteristics would enter into the optimization of a perfectly informed consumer (Bronnenberg and Vanhonacker (1996) ). Therefore, they cannot be part of the product characteristics which influence the choice after the consumer has searched (the second stage in this model), and only enter in the search stage. If the consumer knows the actual prices of all products at every store he visits, whatever else he is doing on the shopping trip should not have an impact on his choice of a particular product. However, if search is costly, the consumer will be less likely to know about prices on trips where his search costs are higher. This will lower his purchase probability on these trips. This would also lead to a higher likelihood of buying detergent on particular shopping trips, something that cannot be explained without a search stage. The impact of trip characteristics, which leads to variation in the search cost, can therefore be identified. They have an impact on the purchase probability only through the search process but do not affect utility from the purchase directly.
Search Cost
The overall importance and magnitude of the search cost, represented by s in the parametric specification, is closely linked to the relevance of the trip characteristics. While the vector of coefficients β identifies which one of the trip characteristics has the largest impact on search costs, it is s that determines how much all of the trip characteristics matter relative to other components of the utility function. If trip characteristics explain a large part of the variation in purchase behavior, the magnitude of the search costs has to be relatively high.
Price Elasticity
There is a very rich price variation that can be exploited for the purpose of identification, as prices vary across brands, pack-sizes and over time. The price coefficient α will influence brand and pack-size choice as well as the timing of purchases. As will be explained in the following paragraphs, pack-size choice and purchase timing provide identifying variation for storage and search costs and the price coefficient. However, brand choice has explanatory power only for the price coefficient: The choice of a particular brand conditional on the pack-size and time of purchases does not provide any information regarding storage costs as the increase in inventory is unaffected by the brand chosen. Similarly, the model assumes that the consumer knows about the prices of all products after searching. Which brand he purchases, therefore does not help to make any inference about search costs. Brand choice conditional on pack-size choice and timing therefore helps to identify the price coefficient separately from storage and search costs.
Storage Costs (and Search Cost)
Despite the fact that variation in trip characteristics can identify search costs, the dynamics of consumers' purchase behavior offer an independent source of identification for the magnitude of the search costs together with storage costs. 44 In the following discussion, I will assume that the price coefficient is identified (see previous paragraph).
In particular, two types of variation in prices and purchase behavior will help me to identify both search and storage costs. First of all, consumers differ in their willingness to change the timing of their purchases in reaction to variation of prices over time. They might, for example, purchase detergent earlier than they intended because they encounter a promotion. This behavior of "purchase acceleration" has the disadvantage of increasing inventory above the usual level. On the other hand, the consumer benefits from the lower prices.
If he waited with his purchase he would avoid the higher inventory, but he knows that the price will most likely be back up at the regular level when he makes the purchase. Figure 2 illustrates the dynamics of this decision. If consumers do not react to promotions by accelerating their purchase, this could be explained by 44 It would therefore be possible to estimate search costs even in the absence of information on trip characteristics. 20 high storage costs. In this case, the disutility from the larger inventory outweighs the benefit of the lower price.
Alternatively, this behavior is consistent with a high search cost. This implies that the consumer was not aware of the promotion and therefore did not react to it. Only with this type of variation it is not be possible to separately identify search and storage costs.
Secondly, consumers differ in the pack-size that they purchase. Big pack-sizes lead to a larger increase in inventory and therefore higher disutility from storage costs. At the same time the per volume price is lower for larger pack-sizes. If consumers buy bigger packs, this might be due to them having low storage costs. In this case, the benefit of a lower per volume price is larger than the disutility from the increase in inventory. Another explanation for this type of behavior is high search costs: Buying a large pack-size increases the time-span until the next purchase. As a purchase always entails that search costs have to be incurred, buying a large pack-size leads to savings on future search costs. Again, search and storage costs offer equally valid explanations for this particular type of consumer behavior.
Taken together, pack-size choice and the degree to which consumers react to promotions allow me to disentangle storage costs and search costs. For example: low storage costs imply large pack-sizes and consumers accelerating their purchase, whereas high search costs imply the purchase of large pack-sizes and no purchase acceleration.
Finally, despite the fact that both low search costs and high price sensitivity lead to purchase acceleration in promotion periods, the impact of the two somewhat differs. The presence of storage costs will lead to the reservation price rising slowly over time as inventory decreases. However, limited information leads to a discrete jump: in one time period the consumer does not know about prices, in the next he searches for price information. If we observe an upwards jump in the price (the end of a promotion period) and a purchase after the jump, this is only consistent with the existence of imperfect information. The distinction between the gradual effect of the storage technology on purchase behavior and the discrete change implied by limited information is more difficult to make with imperfectly observed inventory. It has to be noted that the identification relies only on correct information regarding the change of inventory over time. An incorrectly inferred level would not be problematic. Since the change in inventory is estimated from average consumption data, this is relatively reliable.
Estimation

Expectations
I have to compute consumers' expectations about current price p t prior to search (i.e. his expectation about prices in the purchase stage when making the search decision in the search stage). Furthermore, households form expectations regarding the identity of the store visited next period (k t+1 ) and next period search costs(s t+1 ).
For the expectations regarding the purchase stage utility in the current time period EV ps (i t , p t ), i.e. the expected utility from searching for laundry detergent, it is assumed that the consumer knows the price distribution for each of the products at each store. 45 The expected utility is calculated based on these store-specific price distributions, which are inferred from all the weekly prices over the whole sample period. 46 In order to compute the expectation regarding the identity of the store that is visited next period, the sample frequencies of the visits to different supermarkets are taken, i.e. the number of trips to a particular supermarket is divided by the total number of shopping trips over the whole sample period. A similar approach is taken for the search cost. Based on the estimates of s and the vector β, I calculate the search cost for all the shopping trips and compute the continuous distribution of the search costs over all trips. A grid for different possible values of the search cost is constructed. 47 Then probabilities are assigned to each grid point based on the derived search cost distribution.
Note that a particularly simple form of non-time-varying expectations are used here. The expectation regarding k t+1 and s t+1 do not depend on any current variables. Only the expectation about current period prices p t , is based on the current period store identity k t . A first or higher order Markov-process on the evolution of prices is frequently used in the literature, but unfortunately this is not possible here as it is unknown when new price information is obtained (see earlier discussion). 48 It would be possible to use a Markov-process for the store-visit probabilities and the search costs. As this would increase the state space 49 and therefore the computational burden, it is not done at this point.
Heterogeneity
In order to reduce the computational burden of the maximization routine, I will not be able to calculate individual specific value functions for each household in my sample. In order to capture some heterogeneity, I do consider different types of households. Specifically, I allow for different price coefficients α for above and below median income households, different τ , i.e. different per-period consumption, and different storage costs c storage for households of different size. As consumption is taken as exogenous here and in order to keep the computation simple, I use average consumption over the whole sample period in order to form groups of high and low consumption households 50 . For these two groups different values of τ are estimated. A different storage cost 45 As discussed earlier, I define five different categories of stores: the "big four" supermarket chains and a residual category for trips to other supermarkets or convenience stores that sell detergent. 46 In practice most price distributions are bi-modal with one mass-point at the regular price and another one at the promotional price. Despite this, I do allow for a continuous distribution of price.
47 This is made particularly easy by the functional form chosen, as the search cost has to be an element of the interval s * [0, 1]. In practice I use a grid of value between zero and one and compute the distribution of exp(x t β)/[1 + exp(x t β)]. This term is then multiplied by s.
48 It is also questionable whether price information from the same or a different store should be treated symmetrically, as it is usually done in the literature. Presumably a promotion in a particular store in time period t will imply different things for the price in the same store in t + 1 then in a different store in t + 1. 49 The value of the search cost and the identity of the store visited in the current time period would have to be included in the state space. 50 Average consumption is calculated simply by dividing the aggregate amount of detergent purchased by the duration of the household being in the sample. Households are assigned to one of the two groups depending on whether they have above or below median average consumption.
22
parameter (c storage ) is estimated for households above and below a size of four people. Finally I allow for a different search cost s for above and below median income households. Note that for above and below median income types I estimate different price coefficients α and different values of s.
Together this yields a total of 2 3 = 8 types of households. For each one of these groups a different value function has to be calculated. In terms of coefficients, I obtain two values for α based on income, two values for τ based on average consumption and two cost parameters for differently sized households. Note that the expectation regarding prices in the current period prior to searching are based on the sample frequencies of prices for each store and therefore do not vary across households. The expectations regarding s t+1 are different for above and below median income households as they have different search cost distributions. Finally, I allow a different probability distribution (i.e. expectations) for the store-visit next period k t+1 for each of the 8 types.
As no additional coefficients are estimated and type-specific value functions have to be calculated anyway, this comes at no cost. The store choice probabilities for each of the types is based on their respective means.
Initial Inventory
I also try to deal with the problem of an unknown initial inventory. As a logarithmic form is used for the unobserved consumption, some convergence will happen over time 51 and the impact of the initial inventory will fade. I start with the first observed purchase for each household and assume that no inventory was held before that time period. I then calculate the evolution of the inventory implied by the estimated consumption parameter τ and the observed purchases. Only after the first ten weeks is the observed behavior used in order to form the likelihood function. This helps to mitigate the initial inventory problem. As a sensitivity check, I also tried excluding the first 20 weeks instead of only 10 from the estimation. This had little impact on the results. Table 3 presents the results for the main regression using all the dimensions of heterogeneity presented above, and covariates that move the search cost.
Results
I will first turn to the estimated coefficients other than the search cost terms. The coefficients all have the expected sign and are significant at conventional levels. Heterogeneity enters in the expected way. I find that richer households are less price sensitive as they receive less disutility from paying a higher price. Households with more than 4 members have lower storage costs. The utility from consumption is higher for high consumption households.
52 51 Households with a higher inventory will consume more than those with a low inventory. Over time the path of inventory will be less influenced by the initial inventory. 52 This result is unsurprising as I used the average consumption rates to group the households into high and low consumption types. It helps to capture heterogeneity in the consumption patterns more appropriately, which leads to more precise estimates on the other parameters. As consumption is assumed to be exogenous, this a priori grouping of high and low consumption household is consistent with the model.
As for the variables influencing the search costs, again, the coefficients have the expected sign and are precisely estimated. In terms of heterogeneity, I find that richer households have higher search costs. Search costs are lower when the relative expenditure is high, which makes intuitive sense as less time is spent in the store. If other products in the same product category are purchased, this also lowers the search costs. This reflects that the consumer spends time in the correct aisle, which lowers the search cost. Also in terms of magnitude the results seem reasonable as the number of products in the narrower product category lowers the search cost by a larger amount.
In terms of magnitude, the search cost varies on the interval [0, 4.7576] for low income households and [0, 5.1430] for high income households. A shopping trip where each of the trip characteristics takes on its respective average value in the sample has a search cost of 3.3046 associated with it. In order to get a feeling for the importance of search costs, it is most informative to look at the proportion of trips on which consumers engage in search. When simulating the households' behavior, the estimated search cost translates into 70 percent of consumers not searching in a given time period. The reader is referred to the next section for more details on the simulation.
I also run the estimation without the search stage in order to compare the results (see Table 3 ). A comparison of the results shows that the fit is much better in the model with search. For both the AIC and BIC, I find an improvement of about 45 percent. Of particular interest is also the change in the price coefficient. It is larger in the model without search relative to the case with search cost. This can be explained by the fact that a high price sensitivity (relative to the magnitude of storage costs) is needed in order to explain why consumers buy large pack-sizes in non-promotion periods. In a world without imperfect information about prices and search, the only reason for buying large packs is a lower per volume price. This quantity discount is actually relatively small (about 12 percent for a 1.8kg pack relative to a 900g pack). 53 In a model with search costs, another reason for buying large packs is embedded in the model. As was discussed in the identification section, purchasing larger packs will lead to lower future search costs. This mechanism is absent in the perfect information model. Therefore, when search costs are controlled for, the price sensitivity needed to explain the remaining variation in brand choice and temporal purchase patterns drops.
From a theoretical point of view, it is not a priori clear, that the price coefficient should decrease in the estimation with search costs. Apart from the mechanism described above, there is another force that will tend to drive the coefficient in the other direction. In order to explain an absence of purchase acceleration, a model without search will give a low estimate of price sensitivity. In a model with search, the burden of explaining why consumers are not reacting to promotions is partly loaded onto the search cost. I.e. consumers might not react to a promotion because they were not aware of it. The same amount of purchase acceleration will therefore be associated with a higher price coefficient when including search in the estimation. This argument is very similar to the one discussed in Draganska and Klapper (2009) . 54 In the estimation in this paper, it seems that the first effect outweighs the second one and the price coefficient therefore drops. This is closely related to the earlier discussion on identification.
In order to check how sensitive the results are to the functional form assumptions, I vary the specification in several ways. I try to include a quadratic storage cost term for small and large size households. Both coefficients are positive but not significantly different from zero. With regards to the search costs, I experiment with different functional forms and again find no effect on the qualitative results of the model.
8 Price elasticities
Because of the search stage and the dynamic nature of the model, price elasticities cannot be computed analytically from the price coefficient. Instead I will simulate the change in market shares for different kinds of price changes by taking draws from the distribution of error terms and aggregating the choices of all simulated consumers into market shares. In order to look at the impact of both temporary and permanent price changes, I
compute the market shares for several time periods.
Apart from their type, consumers also differ by the inventory they hold and the stores they visit in a particular time period. Both of these things are going to have an impact on their choices. I therefore have to take the distribution of inventories and the probability of visiting a particular store into account when simulating the consumers' reaction. The discrete probability distribution of store-visits can easily be computed, and was actually already used when the expectations regarding the store visit in the next period were formed. The distribution is computed from the sample frequencies of store visits and is therefore independent of any parameters of the estimation. For each simulated consumer and time period, I randomly draw which store was actually visited from the type-specific distribution of store visits. I also have to simulate values for the various extreme value error terms embedded in the model. These have to be drawn in each time period for the search stage and purchase stage. In order to calculate the inventory distribution, I start with assigning a particular gridpoint value of the inventory vector to each consumer. I give equal weight to each gridpoint and therefore end up with a uniform distribution of the inventory gridpoints in my sample of simulated consumers. I then simulate the consumers' behavior over 40 time periods assuming that the price for each product is equal to the respective sample average in all time periods. I update the inventory each period according to the rate of depreciation derived in the estimation and the simulated purchases. The inventory changes very little from period to period at the end of the 40 simulated time periods. 56 I then use this "steady state" inventory distribution as the initial 54 Their paper uses aggregate data and looks and substitution between different brands. They find that including imperfect information increases the price coefficient. The general logic of their argument is the same as the one presented here.
55 Specifically I use s * exp(x t β) and exp(α + x t β). Note that I do need to specify a functional form that prevents the search cost from becoming negative for any possible value of xt.
56 It takes a low consumption type consumer less than 20 time periods in order to run down his inventory completely, even if he started with the maximum possible inventory (the largest gridpoint value). Therefore it makes sense that the impact of the initial inventory (here inventory for the simulation of price changes.
I can now simulate the choices consumers take in each of the time periods. This yields market shares for each of the different pack-sizes as well as the proportion of consumers that search but do not buy, and those that do not even search. Note that I am also able to compute store-specific market-shares, which can shed some light on the impact of store-specific promotions on competing stores.
I use a total of 10,000 simulated consumers for each one of the 8 types. Total market shares are calculated by weighing the market share of each type-group of consumers with the frequencies of the respective type in the sample. I first run the simulation with prices equal to the averages of the respective price distributions for 10 time periods and find that only 15 percent of all consumers buy detergent in a given week, 70 percent do not search and 15 percent search but do not buy. The relative importance of search is therefore quite high. This is in line with findings that the search stage explains a large part of the variation in purchase incidents such as Hauser (1978) . Also, Dickson and Sawyer (1990) and Hoyer (1984) find that many consumers do not pay much attention to the price of a product they buy and spend very little time making their selection in the store. 57 This anecdotal evidence lends further support to the large relative importance of the search stage.
I then compute the reaction to both temporary and permanent price reductions. In order to illustrate the general pattern of price elasticities, I look at the price change for a 936g pack of Fairy at Tesco. 58 The price elasticities and dynamic pattern look similar for other store / pack-size combinations. The dynamic adjustment path for a 50 percent price decrease is shown in Figure 3 . 59 I calculate short term price elasticity for temporary and permanent changes and the long term price elasticities for permanent changes. 60 In the framework of the model, consumers might switch from a different product at the same store or switch from purchasing at a different store. A price change might also induce them to start searching. In order to get a complete picture I compute the own price elasticity, the cross price elasticity with other products and / or stores, the cross elasticity with respect to the outside option and with respect to search. Separate own price elasticities for the purchase of one or two units of the product are calculated. 61 The elasticities are reported in Table 4 .
I find a large contemporaneous reaction to the price reduction. The effect is particularly large for purchases of 2 packs of the same size, which accords with the incentives for stockpiling. The temporary increase in market share is caused by both substitution away from other Tesco pack sizes, and to a lesser extent from the outside option. By construction, consumers cannot substitute away from other stores contemporaneously. 62 A the uniform distribution) should have faded completely after this time span. 57 They observe shoppers whilst they do their shopping in the supermarket and also interview them after they made their purchases. 58 936g is the most popular pack-size. Tesco has the largest market-share of all supermarkets. 59 Note that the graph shows only 5 time periods as market shares settle to a new equilibrium very quickly. 60 By construction, a temporary price change has no long term effect. Therefore, long term elasticities cannot be calculated for this case. 61 As I do allow consumers to purchase 1 or 2 units of each pack-size, these are treated as different goods in the estimation. As price changes will apply to one or several units of a certain pack size, I do aggregate all units of the same pack size in order to compute the market share. In order to do this I treat the outside option as one unit. The total market size is not fixed in this case, as even with a fixed number of consumers the total number of units (of inside and outside goods) can vary. 62 As store choice is fixed, an unanticipated change in prices has no influence on store traffic in the time period of the price change. It can only have an impact on market shares in time periods after the initial price change because of changes in inventory holdings. permanent price change leads to a similar contemporaneous reaction with markets shares staying at the new level afterwards. Note that with a lower expected price, the incentive to search has become stronger. Contrary to the temporary reduction, we now see a contemporaneous substitution away from other stores. This happens as consumers that visit stores other than Tesco now have a higher incentive to wait for a trip to Tesco. This reduces the share of other stores to the benefit of Tesco.
I observe almost no post-promotion dip, despite a very large contemporaneous reaction. This is driven by the small proportion of consumers that are actually aware of the price change, 70 percent do not search for detergent. Thus, there is a strong reaction from those that are aware of the change and bring their purchase forward, but on aggregate this does not cause a significant decrease in sales in later periods. This is consistent with lack of a post-promotion dip in aggregate data (see Hendel and Nevo (2003) , Heerde, Leeflang, and Wittnik (2000) and Neslin and Stone (1996) ).
I also look at price changes for all pack-sizes of Fairy at one particular store (Tesco) and for one product (a 936g pack of Fairy) across all stores and find largely similar patterns of adjustment. The price elasticities and the adjustment for these cases is reported in the appendix (Table A2 and Figure A1 ).
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Conclusion
A structural model that incorporates search and stockpiling is presented in this paper. The same framework can be used for the analysis of any storable grocery item. Modeling search will be particularly relevant for products where the inter-purchase duration is relatively long. When applying the model to purchase data for laundry detergent, I find that search costs are statistically and economically significant. They have a large impact on purchase behavior, as around 70 percent of shopping trips without a purchase can be attributed to the consumer not searching for the product. I also find that the probability of considering a purchase is a function of trip characteristics. Overall expenditure in the store and the number of other products purchased in the same category significantly lower the search cost, with the number of other cleaning products having the biggest impact.
With consumers not being aware of prices on most of their shopping trips, marketing tools other than pricing, such as advertising and preferential display, become very important. According to the findings of this paper, retailers should raise awareness of price whenever they run a promotion. Finally, the model predicts lower price sensitivity and therefore higher market power for manufacturers and retailers. Obtaining the correct price elasticities is an important ingredient for understanding consumer behavior as well as optimal pricing and the general marketing strategy on the supply side.
In future research it would be interesting to incorporate category level search and brand level search in one unifying framework. This would allow the researcher to look at substitution across brands as well as pack-sizes and stores. for each brand, pack-size and the market share for each supermarket. The market-shares are based on a simple count of purchases, i.e. different pack-sizes are all weighted equally. Store weeks denotes the sum of the number of weeks the product was available at each store. With 312 weeks and 5 supermarkets the maximum possible number of store week is 1560. The adjusted market shares use the store weeks as weights and shows how popular the product was conditional on being available. Specifically the market share is divided by store weeks and then re-scaled in order for the adjusted shares to add up to 100 percent. This adjustment is only done for the pack-size dimension as there is little variation in availability across the other dimensions (except for Tesco's own brand of detergent, which is not available in any other supermarket).
(1) The table shows results from multinomial logit regressions. *** denotes significance at the 1 percent level, ** at the 5 percent level and * at the 10 percent level. An observation is a shopping trip of a particular household, time periods without a shopping trip are dropped. The dependent variable is a dummy equal to one for one of the available options in each time period. The household can choose to purchase one of the available products (see text for details) or not purchase anything. The utility of the outside option is normalized to zero. All reported covariates are discussed extensively in the text. A set of supermarket dummies is included, but not reported in the table. When household dummies are included in column (5), they enter all the options except the outside option and effectively capture the household specific average purchase probability. In these regressions none of the variables have a structural explanation in the sense of representing parameters in an agent's utility function.
(1) Table 2b : Multinomial Logit (Reduced-Form) Estimation: Stockpiling. The table shows results from multinomial logit regressions. *** denotes significance at the 1 percent level, ** at the 5 percent level and * at the 10 percent level. An observation is a shopping trip of a particular household, time periods without a shopping trip are dropped. The dependent variable is a dummy equal to one for one of the available options in each time period. The household can choose to purchase one of the available products (see text for details) or not purchase anything. The utility of the outside option is normalized to zero. All reported covariates are discussed extensively in the text. A set of supermarket dummies is included, but not reported in the table. In all regressions, lagged purchase characteristics are included. The first observation for each household is therefore the shopping trip after their first purchase. Before this the lagged variable cannot be defined. "Time since last purchase" is a count of the weeks elapsed since the last purchase. The results are to be interpreted as reduced-form as they show the importance of dynamic aspects by including proxy variables into a static framework. The variables do not have a structural explanation in these regressions.
(1) Table 2c : Multinomial Logit (Reduced-Form) Estimation: Transport Costs. The table shows results from multinomial logit regressions. *** denotes significance at the 1 percent level, ** at the 5 percent level and * at the 10 percent level. An observation is a shopping trip of a particular household, time periods without a shopping trip are dropped. The dependent variable is a dummy equal to one for one of the available options in each time period. The household can choose to purchase one of the available products (see text for details) or not purchase anything. The utility of the outside option is normalized to zero. All regressions replicate column (4) of table (2a) in terms of covariates, but also include the distance to the supermarket. They regressions differ in the selection of observations. Column (1) reports the coefficient on distance for the full sample. Columns (2) and (3) only use households that do not own a car or do not use it for shopping. Distance should be a more meaningful measure of transport costs as the trips do not vary in terms of the means of transport. Columns (4) and (5) additionally condition on weekend trips as the distance from the household's home might be a more appropriate measure for these trips. During the week a store visit might happen on the way to work. Distance is insignificant in all regressions. The number of observations (household-week combinations) decreases substantially when restricting the sample. Table 3 : Estimation Results from the Dynamic Model. The table shows results from estimating the full dynamic model with and without a search stage. *** denotes significance at the 1 percent level, ** at the 5 percent level and * at the 10 percent level. The full sample of households and time periods is used in the estimation.
The parametrization of the model is discussed in the text as well as the different types of heterogeneity. For α, τ , c storage and s different parameter values are estimated for different subsamples of the population. s denotes the overall scale of the search cost, whereas the three trip characteristics shift the search cost. information on price elasticities for a 936g pack of Fairy at Tesco, the most popular brand / pack-size / supermarket combination in the sample. This particular combination is used to illustrate the general pattern. Price elasticities are reported for temporary changes and permanent changes in the time period of the change (short term elasticity) as well as after 5 time periods for the case of a permanent change (long term elasticity). Reactions of one and two unit purchases of the product on promotion are reported. The effect on the outside option is also reported as well as the impact on other brands and pack-sizes (at the same store) and on the same brand / pack-size combination The top graph illustrates the general pattern of purchases and consumption in the absence of promotions. The middle and the bottom graph illustrate the consumer's option when encountering a promotion whilst still having a relatively large inventory. He can either choose to purchase immediately (middle graph) or to wait until his inventory has decreased further (bottom graph). A purchase acceleration will lead to a higher than usual inventory but the product can be purchased at a lower price. If the consumer waits instead, the promotion will most likely be over when he purchases, but he will be avoid an increase in inventory. Table A2 : Price Elasticities. The table reports price elasticities for three types of changes: for one particular pack-size of Fairy across all stores, for all sizes of Fairy at one store and for one size of Fairy at one particular store. 936g and Tesco are the pack-size and supermarket used to illustrate the pattern. Price elasticities are reported for temporary changes and permanent changes in the time period of the change (short term elasticity) as well as after 5 time periods for the case of a permanent change (long term elasticity). Reactions of one and two unit purchases of the product on promotion are reported. The effect on the outside option is also reported in all cases. The reaction of other pack-sizes (at the same store) and of the pack-sizes on promotion in other stores are reported (where appropriate). Changes in the search behavior are reported in the final column. Figure A1 : Dynamic Adjustment to Price Changes. The graphs show reactions to temporary (left column) and permanent (right column) price changes. The three rows of graphs show the dynamic adjustment for one particular size across all stores, for all sizes of Fairy at one store, and for one pack-size of Fairy at one particular store. 936g and Tesco are the pack-size and supermarket used to illustrate the pattern. All graphs show reactions to a 50 percent price reduction for the respective type of promotion. The units on the x-axis are time periods, with the change in price occurring in period 2. In case of a temporary change, prices are back to the original level in time period 3. On the y-axis the reaction in terms of purchases is measured in percentages.
